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senting possible actions to be performed on components
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Description
FIELD OF THE INVENTION

[0001] The presentinvention relates to the field of as-
sessing problems with medical devices, and more par-
ticularly determining possible actions to be performed on
components of a medical device to solve a problem with
the medical device.

BACKGROUND OF THE INVENTION

[0002] Healthcare facilities usually have multiple med-
ical devices spread across many different departments.
Typically, these medical devices are from multiple differ-
ent Original Equipment Manufacturers (OEMs), due to
pricing, performance, and availability considerations.
Each OEM sells and services many types of medical de-
vice

[0003] For day-to-day operation and maintenance of
these devices, healthcare facilities use a few resources.
One resource is a team/individual in each department
who manages and operates devices within that depart-
ment. Another resource is a central biomedical engineer-
ing team with responsibility for maintenance of allmedical
devices within the healthcare facility.

[0004] Furthermore, each OEM often provides a ded-
icated service team consisting of Field Service Engineers
(FSEs) who are trained for maintenance of medical de-
vices provided by the OEM. FSEs are generally trained
to maintain, service and fix a range of medical devices
as part of their basic training session, and are often spe-
cialized in a small number of medical devices.

[0005] Inpractice, when anissue with a medical device
arises, the central bio-medical engineering team of the
healthcare facility is notified by the respective depart-
ment. Often, the central team will then contact the OEMs
central helpline. At the OEM side, the central helpline
team takes each reported issue and assigns to an ap-
propriate FSE. This practice is particularly sub-optimal
when more than one medical device (of one or more de-
partment) has a similar issue at same time, as the health-
care facility flags an individual problem with the OEM for
each of the problems.

[0006] Of course, the central bio-medical engineering
can solve certain issues associated with the medical de-
vices without help from the OEM. Every bio-medical en-
gineer has certain competencies based on which they
can provide inputs to solve an issue with the medical
device. There may be certain issues which can be solved
with the help of remote guidance from the OEM. For other
issues, FSEs may have to visit the healthcare facility to
resolve the issue. The process of identifying who is
equipped to resolve the issue, and communicating the
issue inherently consumes a lot of time, and therefore
increases the downtime of the medical devices.

[0007] Thus,there exists a present need for an efficient
and accurate means for categorizing problems with med-
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ical devices, and identifying parties who are best
equipped to solve them.

SUMMARY OF THE INVENTION

[0008] The invention is defined by the claims.

[0009] According to examples in accordance with an
aspect of the invention, there is provided a method for
training a machine learning model adapted to output,
based on inputting a problem with a medical device, a
solution-component graph representing possible actions
to be performed on components of the medical device to
solve the problem, the method comprising:

obtaining solution data describing sequences of pre-
vious actions performed to solve a plurality of previ-
ous problems with the medical device;

obtaining a component graph describinginteractions
between a plurality of components of the medical
device;

processing the solution data and the component
graph to generate a plurality of historic solution-com-
ponent graphs; and

training the machine learning model using a training
algorithm configured to receive an array of training
inputs and respective known outputs, wherein a
training input comprises one of the previous prob-
lems, and wherein a respective known output com-
prises the historic solution-component graph asso-
ciated with the previous problem.

[0010] Proposed are concepts fortraining of amachine
learning model that can generate/output solution-com-
ponent graphs for (previously unseen) problems with a
medical device. Such solution-component graphs repre-
sent possible actions to be performed on components on
a medical device to diagnose and/or fix the problem with
the medical device.

[0011] This is achieved by producing a training set of
solution-component graphs based on data of previous
problems with a (same type of) medical device, and the
actions taken to solve them. This (historic) solution data
is combined with a component graph (representing inter-
actions between components) in order to produce the
historic solution-component graphs. Accordingly, the
training set of historic solution-component graphs are
used as known outputs, with corresponding problems be-
ing known inputs, such that the machine learning model
may be trained.

[0012] Thus, there is provided a unique facility for pro-
ducing solution-component graphs. Such graphs essen-
tially describe a (potentially branching) sequence of pos-
sible actions that need to be performed on components
(i.e. parts and modules) of the medical device in order to
resolve a corresponding problem. As such, they describe
afull range of possible actions that may need to be taken,
which can be particularly useful when assessing who is
best to resolve the problem.
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[0013] By way of example, if a first party has one set
of competencies, and a second party has another set of
competencies, then the competencies can be compared
to the possible actions described by generated solution-
component graphs to determine which of the first and
second party is best placed to resolve the problem. In-
deed, adegree to which each party can solve the problem
(and an extent to which collaboration may be required)
could be determined in a simple manner from the solu-
tion-component graphs.

[0014] Moreover, machine learning models provide an
effective means for producing outputs for previously un-
seen inputs. Thus, by leveraging a large amount of avail-
able solution data, the machine learning model may be
adapted for accurate and useful production of solution-
component graphs for previously unseen problems,
which otherwise would typically require substantial
amounts of time and effort from a knowledgeable and
skilled technician.

[0015] Insome embodiments, obtaining the plurality of
solution data may comprise obtaining previous problem
data describing historic issues with the medical device,
obtaining previous action data describing actions per-
formed to solve historic issues with the medical device,
and processing the previous problem data and previous
action data to generate the plurality of solution data.
[0016] It is often the case that aspects of the solution
data (describing previous actions performed to solve a
previous problem) are found in a variety of different sourc-
es. Thus, it may be necessary to obtain separate problem
data and previous action data, and process such data
(i.e. match the problems with the actions, potentially
based on timestamps and/or labelling) in order to pro-
duce afull setof solution data. Thus, alarge set of solution
data may be produced, meaning more training data for
the machine learning model. Consequentially, the ma-
chine learning model may be more accurate, particularly
for previously unseen problems.

[0017] Insome embodiments, processing the previous
problems and sequences of previous actions may com-
prise analysing the previous problem data and previous
action data to generate raw solution data, identifying sim-
ilar solutions within the raw solution data based on the
previous problem data and the previous action data, and
generating the plurality of solution data based on the raw
solution data and the identified similar solutions.

[0018] In other words, there may be a lot of redundant
datain the previous problems and sequences of previous
solutions. There may be very typical problems that have
occurred many times in the past, or slightly different prob-
lems that have highly similar solutions/sequences of ac-
tions. Producing solution data having a lot of redundant
data may resultin many highly similar historical solution-
component graphs for training of the machine learning
model, which may be of limited benefit to the training of
the model, while still requiring a lot of processing and
time for the training process. Therefore, consolidating
the data (i.e. merging similar problems/solutions, or de-
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leting highly similar data) before the training stage may
save time and reduce computational complexity of the
method for training the machine learning model, while
having limited impact on the utility of the model.

[0019] In some embodiments, the previous problem
data may be obtained from problem statements and de-
vice logs associated with the medical device, and previ-
ous action data may be obtained from service histories
associated with the medical device.

[0020] Some useful sources for the previous problem
data and previous action data are problem statements,
device logs, and service histories, which all describe the
status of the device, and actions taken over time in the
maintenance, servicing and fixing of the medical device.
Thus, by using such sources, a large amount of training
data may be generated.

[0021] In some embodiments, obtaining the compo-
nent graph may comprise processing interaction data of
each component of the medical device describing an in-
teraction of said component with other components of
the medical device, to generate the component graph.
The interaction data may be obtained from design doc-
uments, design drawings, production drawings and serv-
ice manuals associated with components of the medical
device.

[0022] When a component graph is not pre-generat-
ed/already available, one method for producingis to com-
pile interaction data of each component, and to process
this data to generate the component graph. Design doc-
uments, design drawings, production drawings and serv-
ice manuals provide a comprehensive list of interactions
between components, such that a full understanding of
the medical device may be obtained.

[0023] Insomeembodiments, generating each historic
solution-component graph may comprise mapping one
of the sequences of previous actions described by the
solution data onto the interactions between the compo-
nents of the medical device described by the component
graph, and generating the historic solution-component
graph based on the mapping.

[0024] Specifically, the mapping may be based on
processing the sequences of previous actions and the
components of the medical device using a natural lan-
guage processing algorithm.

[0025] An effective method for producing solution-
component graphs from component graphs and solution
data is to map the previous actions onto interactions be-
tween the components. This essentially produces a list
of components and movements between components
needed to resolve a problem. This can be achieved au-
tomatically by matching similar words (i.e. by semantic
matching) using natural language processing algorithms.
Thus, an accurate historic solution-componentgraph can
be generated using known methods in a simple manner
that does not require excessive computation or time of a
trained person.

[0026] In exemplary embodiments, the machine learn-
ing model may be a generative adversarial network mod-
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el.

[0027] A generative adversarial network (GAN) is par-
ticularly adept at producing new information based on
training data that is different. Thus, A GAN-based ma-
chine learning model may be particularly effective at pro-
ducing solution-component graphs corresponding to pre-
viously unseen problems (i.e. problems not associated
with solution data in the training set).

[0028] The method may further comprise retraining the
machine learning model for a user. This is performed by
obtaining user-specific previous problems describing his-
toric issues with the medical device associated with the
user, obtaining user-specific historic solution-component
graphs associated with the user-specific previous prob-
lems, and retraining the machine learning model using a
training algorithm configured to receive an array of train-
ing inputs and respective known outputs, wherein a train-
ing input comprises one of the user-specific previous
problems, and wherein a respective known output com-
prises the user-specific historic solution-component
graph associated with the user-specific previous prob-
lem.

[0029] Specific users (i.e. medical facilities) may have
their own particular set of problems, and ways of provid-
ing solutions. In other words, different users may employ
different sequences of actions to resolve similar prob-
lems (i.e. due to policy, trained practice, etc.). Thus, re-
training the (generic) machine learning model based on
user-specific data may enable the production of solution-
component graphs for new problems experienced by the
user that describe sequences of actions likely to be more
appropriate for the user.

[0030] Thus, by retraining the machine learning model
in this way, improved (i.e. more accurate for the user)
problem-solution graphs may be generated by the ma-
chine learning model, improving a utility of such graphs.
[0031] According to another aspect of the invention,
thereis provided a method for generating a solution-com-
ponent graph representing possible actions to be per-
formed on components of the medical device to solve
the problem, the method comprising:

generating a machine learning model according to
an embodiment of the invention;

obtaining a problem describing an issue with the
medical device; and

acquiring the solution-component graph based on
inputting problem to the generated machine learning
model.

[0032] Thus, a problem-component graph for a new
problem can be generated by leveraging the machine
learning model generated according to other aspects of
the invention. This is useful for determining how, and by
who, the problem should/may be resolved. Further, this
may be particularly useful when the problem is a previ-
ously unseen problem, in which it may be difficult to de-
termine the actions required to resolve the problem and
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who may be best equipped to do so.

[0033] According to a further aspect of the invention,
there is provided a method for generating a solution-com-
ponent graph using a machine learning model trained to
output, based on inputting a problem with a medical de-
vice, the solution-component graph representing possi-
ble actions to be performed on components of the med-
ical device to solve the problem, the method comprising:

obtaining a problem describing an issue with the
medical device; and

acquiring the solution-component graph based on
inputting problem to the generated machine learning
model.

[0034] Accordingtoyetanotheraspectoftheinvention,
there is provided a method for determining the solvability
of a problem with a medical device by a one or more
individuals, the method comprising:

generating a solution-component graph represent-
ing possible actions to be performed on components
of the medical device to solve the problem according
to an embodiment of the invention

obtaining competency data describing an ability of
the one or more individuals to perform a plurality of
actions on the components of the medical device;
and

processing the historic solution-component graphs,
the solution-component graph and the competency
data to generate a solvability value indicative of a
likelihood that the one or more individuals can solve
the problem with the medical device.

[0035] A particular advantage enabled by the genera-
tion of solution-component graphs for a problem is the
capability to then compare the generated solution-com-
ponent graphs with historic solution-component graphs
and capabilities of one or more individuals to determine
whether (and/or to what extent) they may be able to solve
the problem.

[0036] Thus,thisembodimentoftheinvention provides
a simple and automatic means for determining whether
one or more individuals can solve the problem. This may
be useful for the effective division of problem solving/res-
olution. For example, if the (new) problem is determined
by the invention to be easily solvable, then a highly
trained individual may not be required (saving time of the
highly trained individual). Conversely, if it is determined
that the (new) problem is complex, then notification of
the problem may be quickly escalated to one or more
individuals best equipped to resolve the problem. Accord-
ingly, proposed concepts facilitate an improved speed of
medical device problem resolution (i.e. a reduced down-
time for medical devices), while reducing the amount of
work required for highly trained technicians to partake in.
[0037] According to other aspects of the invention,
there is provided a computer program comprising com-
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puter program code means adapted, when said computer
program is run on a computer, to implement any forego-
ing embodiment of the invention.

[0038] According to a final aspect of the invention,
there is provided a system for training a machine learning
model adapted to output, based on inputting a problem
with a medical device, a solution-component graph rep-
resenting possible actions to be performed on compo-
nents of the medical device to solve the problem, the
system comprising:

a data interface configured to:

obtain solution data describing sequences of
previous actions performed to solve a plurality
of previous problems with the medical device;
obtain a component graph describing interac-
tions between a plurality of components of the
medical device;

a processor configured to process the solution data
and the component graph to generate a plurality of
historic solution-component graphs; and

a training module configured to train the machine
learning model using a training algorithm configured
to receive an array of training inputs and respective
known outputs, wherein a training input comprises
one of the previous problems, and wherein a respec-
tive known output comprises the historic solution-
componentgraph associated with the previous prob-
lem.

[0039] These and other aspects of the invention will be
apparent from and elucidated with reference to the em-
bodiment(s) described hereinafter.

BRIEF DESCRIPTION OF THE DRAWINGS

[0040] Fora better understanding of the invention, and
to show more clearly how it may be carried into effect,
reference will now be made, by way of example only, to
the accompanying drawings, in which:

Fig. 1 presents a block diagram of a three-part sys-
tem for determining the solvability of a problem with
a medical device by a one or more individuals ac-
cording to an embodiment of the invention;

Fig. 2 is an example of a solution-component graph;
Fig. 3 is a flow diagram of a method for training a
machine learning model adapted to output a solu-
tion-component graph of a medical device according
to an embodiment of the invention;

Fig. 4 is a flow diagram of a method for re-training a
machine learning model according to an aspect of
another embodiment of the invention;

Fig. 5 is a flow diagram of a method for generating
a solution-component graph according to a further
embodiment of the invention;
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Fig. 6 is a flow diagram of a method for determining
the solvability of a problem with a medical device by
a one or more individuals according to another em-
bodiment of the invention;

Fig. 7 presents a simplified block diagram of a system
for training a machine learning model adapted to out-
put a solution-component graph of a medical device
according to an additional embodiment of the inven-
tion; and

Fig. 8 provides a simplified block diagram of a com-
puter within which one or more parts of an embodi-
ment may be employed.

DETAILED DESCRIPTION OF THE EMBODIMENTS

[0041] The invention will be described with reference
to the Figures.
[0042] It should be understood that the Figures are

merely schematic and are not drawn to scale. It should
also be understood that the same reference numerals
are used throughout the Figures to indicate the same or
similar parts.

[0043] It should also be understood that the detailed
description and specific examples, while indicating ex-
emplary embodiments of the apparatus, systems, and
methods, are intended for purposes of illustration only
and are not intended to limit the scope of the invention.
These and other features, aspects, and advantages of
the apparatus, systems and methods of the present in-
vention will become better understood from the following
description, appended claims, and accompanying draw-
ings. The mere fact that certain measures are recited in
mutually different dependent claims does not indicate
that a combination of these measures cannot be used to
advantage.

[0044] The invention proposes concepts for aiding
and/or improving the assessment of problems with med-
ical devices. Specifically, solution-component graphs are
generated from solution data (of previously resolved
problems) and a component graph (representing inter-
actions between components of the medical device).
From these solution-component graphs, an understand-
ing of how actions performed on components of the med-
ical device provide a solution for a problem with the med-
ical device is obtained. The invention utilizes the solution-
component graphs to train a machine learning model,
such that a solution-component graphs for new problems
can be generated.

[0045] Such solution-component graphs map actions
that a user (i.e. a technician or an engineer) may take on
components of the medical device in order to diagnose
and resolve a problem. As this may be obtained from a
simple statement of a problem using the machine learn-
ing model trained according to embodiments of the in-
vention, the invention essentially provides a simple way
in which a list of (potential) actions needed to resolve the
problem. These actions can be compared to previous
actions taken by parties (and a summary of a party’s com-
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petencies) in order to determine whether the party are
capability of performing the actions. Thus, an appropriate
allocation of work to enact a solution to the problem may
be performed - saving time and money.

[0046] In other words, embodiments of the invention
provide concepts for generating a machine learning mod-
el adapted to output a solution-component graph repre-
senting possible actions to be performed on components
of a medical device to solve a problem with the medical
device are proposed. Solution-component graphs for
(new and previously seen) problems with the medical
device can be generated, and can be compared to com-
petencies of one or more individuals in order to ascertain
the likelihood that the individual(s) can perform the ac-
tions to solve the problem. Thus, embodiments of the
invention provide an efficient and accurate means for
managing the process of diagnosing and fixing a medical
device.

[0047] The crux of the invention lies in the training of
a machine learning model that can generate a solution-
component graph representing a sequence of actions
performed on components of a type of medical device to
solve a (new) problem. This can then be used to auto-
matically assess the competency of groups (i.e. field
service engineers, in-house biomedical engineers, etc.)
to solve the problem.

[0048] For example, biomedical engineers employed
by health facilities have at least basic knowledge of the
medical devices within the medical facility, enabling them
to solve certain problems with the medical devices. How-
ever, for many problems there is a reliance on Original
Equipment Manufacturers (OEMs) to diagnose the prob-
lem and implement a solution. Typically, OEM service
engineers diagnose/fix the problem using remote ac-
cess, or may visit the healthcare facility (i.e. when re-
placement of parts is required). This process consumes
alot of time and in certain cases increases the downtime
of the medical device.

[0049] Embodiments of the problem overcome some
of the problems with pre-existing diagnostic and resolu-
tion proves by the automatic and accurate assessment
astowhethera (new, as well as previously seen) problem
can be solved by the in-house team of biomedical engi-
neers, or with the aid of OEMs. More generally, embod-
iments provide an assessment of a competency/capabil-
ity of parties (i.e. one or more individuals) in solving a
prescribed problem. By this approach, (even before re-
porting the issue to OEMs) the bio-medical engineers
may solve the issue by identifying the sub-parts of the
new problem which are similar to the problems solved in
the past. In some embodiments, there may be provided
a solvability value indicating how far/to what extend one
or more individuals can solve the problem (i.e. an indi-
vidual may be able to diagnose an issue, but not imple-
ment the full solution). Overall, this solution helps to min-
imise the involvement of OEMs by optimizing the work,
thus saving time of skilled technicians to work on more
complex issues.
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[0050] In this way, a downtime of the medical device
is reduced by facilitating a quicker solution to the problem
-resulting in better medical device customer satisfaction.
[0051] Put another way, currently it is the case that
each time a new issue arises with a medical device, as-
sistance of an OEM is required to solve the issue. This
results in higher down time of the medical device at the
medical facility. Moreover, there is a higher workload for
field service engineers (FSEs) of the OEM, due to limited
knowledge of whether some parts of the new problem
can be solved by biomedical engineers at the medical
facility without the involvement of FSEs. Thus, current
processes resultin lower customer engagement and sat-
isfaction.

[0052] These problems are resolved by embodiments
of the present invention by the identification of parts (or
sub parts) of the problem that one or more individuals
can solve. Specifically, this is achieved by generating of
component-solution graphs for new problems, which can
be compared to known competencies of individuals, in
order to assess an extent to which the individual can find
a resolution to the problem.

[0053] A simplified system for facilitating the above is
shown in Fig. 1. The system may be considered in three
parts/phases: a global training phase, an adapt phase
and a site specific inference phase. Each of these phases
are explained below, in detail.

[0054] The globaltraining phase is for producing a ma-
chine learning model (in this case a generative adversar-
ial network, GAN) for a (type of) medical device. The
machine learning model may be for one make and model
of a medical device. Essentially, the machine learning
model is capable of generating solution-component
graphs (i.e. a graph representing possible actions to be
performed on components of the medical device to solve
a problem) based on a problem input to the machine
learning model.

[0055] The global training phase may comprise the
main components of a problem to solution mapper, a
problem to solution mapper on a component graph, a
GAN model training (problem to component graph cov-
erage), and a component graph.

[0056] The problem to solution mapper generates so-
lution data by mapping a reported problem (i.e. a problem
reported by a customer) to a corresponding solution. The
mapper takes a problem statement, device log, service
manual and service history as input parameters. Each of
the problems is mapped to a corresponding solution(s)
coming from either the service history or the service man-
ual. The problem statement is also mapped to device log
data corresponding to time duration when problem/issue
was observed.

[0057] It is noted that it is likely that there are many
similar problems and similar solutions. Thus, in order to
reduce redundancy in the solution data a cosine similarity
matrix is used, represented by:



11 EP 4 372 623 A1 12

AB _ _ L AiB;
ANIBII n 42 |yn p2
Li=147 | Zi=1 B

[0058] Where A is vector representing one problem,
and B a vector of another problem. A high value threshold
is used to determine whether two problem statements
are similar or not. If similar, the problems are merged, or
one is removed, to avoid redundancy. Ultimately the so-
lution data may be represented in a table for, such as:

cos(0) =

Problem Statement | Solution Log Data
Problem 1 Solution A | Data 1
Problem 2 Solution B | Data 2

[0059] In one embodiment, (historic) solution data is

gathered, comprising the associated problem, solution
and log data. A vocabulary of distinct words can be gen-
erated using this data. For each word, a vector represen-
tation is determined and used to calculate cosine simi-
larity. For this, pre-trained word embedding vectors can
be utilized, or a neural network may be used to extract
the word embeddings.

[0060] Once all word embeddings are gathered, a sen-
tence can be taken and used to create a word embedding
for that sentence by averaging word vectors for all words
in that sentence. Similarly, we can obtain word vectors
for all problems in the solution data. Once we have these
vectors, we can compute the cosine similarity which will
result in identifying the problems which are closer, or
which have similar context.

[0061] The above may be repeated to obtain the vector
representation for all solution data (problems, solutions
and log data).

[0062] Moving on, a component graph is built that rep-
resents interactions and communications of components
in/of the medical device. In order to build this graph in-
formation from design documents, design and production
drawings, and service manuals are used. The documents
and drawings are parsed to extract component details
and their interaction with other components. The infor-
mation parsing and extraction is performed using natural
language processing (NLP) based Al techniques
[0063] More specifically, each of the components is a
node in a graph with stored information about itself, and
the connection/relation it has with other components.
These nodes are disjoint initially, a random node is se-
lected for processing then it parses the connection/rela-
tion details and search is initiated for connected/related
node. Once the connected node is found the connection
is established. This process is performed for all connect-
ed nodes until a full component graph is generated.
[0064] The problem to solution mapper on component
graph then uses the solution data and the component
graph to create a solution-component graph. Essentially,
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the solution data is linked/overlayed with the component
graph. This is achieved by parsing the solution data, and
finding matching keywords to nodes of the component
graph. Finding of keywords is achieved using NLP tech-
niques, while the matching is carried out using semantic
matching techniques. Each edge of the solution-compo-
nent graph is given weight when there is matching text
in the solution data. The magnitude of weight of each
edge is dependent upon the number of times and rele-
vance of the mention. The final solution-component
graph that is mapped to problem shall have connections
with greater than or equal to 1 weight for all the edges
where there is reference, and weight of zero for the edges
where there is no reference.

[0065] The problem associated with the solution data
used to generate the solution-component graph is then
used for building a machine learning model.

[0066] At the GAN model training block, a machine
learning model (a GAN model) is trained so that for any
given new solution-component graph can be generated.
For model training, the problem statement and associat-
ed solution-component graph is provided. This trained
machine learning model is further used for fine tuning
and for inference in final phase.

[0067] Intheadaptphase,the generic GAN model gen-
erated using the above method is re-trained to generate
a site-specific model. This is useful for medical facilities
that have different types of problems. The re-training of
the model is achieved by using that particular sites log
data, historical problem statements and historical service
actions. This makes the re-trained model tuned to that
particular medical facility. However, as the global trained
model is used as a base, it keeps the essence of the
other problems with it. This mechanism helps in getting
better outcome when a new problem is faced at the med-
ical facility, a better solution-component graph gets gen-
erated due to usage of global model as base.

[0068] At the user-specific inference phase, a new
problem with the medical device is provided to the trained
machine learning model. The trained model generates
the solution-component graph for this new problem.
[0069] The solvability predictor compares the solution-
component graph, historic solution-component graphs
and competency data of one or more individuals to de-
termine a solvability value. In some embodiments, the
solvability predictor compares both the solution-compo-
nent graphs and identifies the overlapping portions of the
graph by traversing the nodes of the graph. Based on
the intersection of the nodes the percentage of overlap-
ping components of graph can be determined. From
these overlapping nodes and competency data, an infer-
ence as to whether the new problem can be solved by a
certain individual(s) can be determined (i.e. whether bi-
omedical engineers can solve it, or whether OEM advice
is required).

[0070] In specific embodiments, by identifying the
overlapping portions, we can infer whether the new prob-
lem can be solved completely by the biomedical engi-
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neers, or what percentage of the problem requires OEM
assistance. This information may then be used to inform
a recommendation.

[0071] An example is shown in Fig. 2. In Fig. 2 there
are 3 problems presented on a solution-component
graph (A, B and C). The steps required to solve previous
problems A and B are marked on the solution-component
graph. The aim is to identify whether new problem C can
be solved by a biomedical engineer team, if it must be
solved jointly with an OEM team, or only by an OEM
team. After completing the model training and site-spe-
cific inferencing we results are obtained from a recom-
mendation engine.

[0072] For example, when it is predicted that there is
a 0% overlap between the competency of the biomedical
engineer team, the OEMs are contacted to solve the
problem. When itis predicted that there is 100% overlap,
the problem can be solved by the biomedical engineer
team with no assistance required from OEM team. When
it is predicted that there is a 75% overlap, the bio-medical
engineer team can solve the overlapping steps (as shown
in Fig. 2), and they should contact the OEM for the re-
maining steps.

[0073] By way ofillustrative example, three actions are
represented by the edges. (1) Replace the inverter board;
(2) perform software based inverter fix; and (3) Observer
logs generated during software-based inverter fix for
failed inverter location. If the biomedical engineer team
knows how to use software tool to analyze the problem,
they also know how to observe the log file generated
during software but not necessarily replacing the inverter.
When an inverter problem is reported, and it requires a
software based inverter fix, and the biomedical engineer-
ing team has solved the problem using the software tool
in the past, then it can be solved by the biomedical team
itself. However, if it needs to be replaced, them the sup-
port of the OEM is required.

[0074] Of course, we can keep track of competencies
of each biomedical engineering team (and individuals
within the team) by learning the competency by the type
of problems they have solved in the past (or by user in-
put). Once prediction results are obtained from the rec-
ommendation system, we may update the competency
data.

[0075] For example, consider a situation in which the
biomedical engineering team is competent in solving
problems of consistent errors/warnings, and problems
with tubes in some medical device. There is a problem
identified in the past for which the solution is to solve the
consistent errors/warnings, and a problem with tubes.
For a new problem, there is generated solvability. Sup-
pose there is a 66% overlap with the solution, and the
previously unsolved part which is the problem with car-
bon brushes needs to be solved along with consistent
errors/warnings, and problem with tubes. It can be con-
cluded that the biomedical engineer team could solve the
problem of carbon brushes as well. Thus, in this situation
we can update this new identified problem which can be
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solved by the bio-medical engineer to the competency
data.

[0076] Fig. 3 is a flow diagram of a method 100 for
training a machine learning model adapted to output a
solution-component graph of a medical device. The ma-
chine learning model is neural network (NN) based, and
may preferably be generative adversarial network (GAN)
based. The machine learning model is adapted to output,
based on inputting a (new) problem with a medical de-
vice, the solution-component graph corresponding to the
problem.

[0077] The solution-component graph represents pos-
sible actions to be performed on components of the med-
ical device to solve (i.e. diagnose, fix, etc.) the problem
of the medical device. In an embodiment, the solution-
component graph has nodes representing actions to per-
formed on components of the medical device, and edges
connecting nodes, which when traversed potentially lead
to a solution to the problem with the medical device.
[0078] Moreover, the medical device refers to one type
(i.e. make and/or model) of medical device. For example,
the medical device may be a CT scanner, an MRI ma-
chine, an X-Ray machine, etc. or may be a specific type
of CT scanner, MRI machine, X-ray machine, etc.
[0079] Atstep 110, solution data describing sequences
of previous actions performed to solve a plurality of pre-
vious problems with the medical device is obtained. In
other words, the solution data has a list of previous prob-
lems with the medical device that have since been diag-
nosed, and resolved, along with corresponding actions
(i.e. actions performed by a technician/user) to reach the
diagnosis and resolution.

[0080] Ideally, the previous problems would encom-
pass all possible problems with the medical device. How-
ever, itis often the case that previously unseen (or seem-
ingly unseen) problems arise. Thus, the solution data
simply comprises solutions to many problems that the
medical device may experience.

[0081] The solution data may be obtained from a
known database of solution data, and thus simply ob-
tained. However, in some cases the solution data may
need to be compiled. One embodiment of this is present-
ed in (optional) sub-steps 112-116.

[0082] At sub-step 112, previous problem data de-
scribing historic issues with the medical device is ob-
tained. The previous problem data may be obtained from
problem statements and device logs associated with the
medical device. Essentially, this contains a list of many
of the problems experienced by the medical device in the
past (i.e., not turning on, a certain error on a Ul, etc.).
This may be readily attainable from problem statements
and device logs.

[0083] At sub-step 114, previous action data describ-
ing actions performed to solve historic issues with the
medical device is obtained. The previous action data may
be obtained from service histories associated with the
medical device. For each of the historic issues identified
in step 112, previous action data is obtained. This may
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be based on service histories and system logs corre-
sponding to the time in which the problem in which the
previous problem arose/was noted.

[0084] Atsub-step 116, the previous problem data and
previous action data is processed to generate the plural-
ity of solution data. This may include actions associated
with a resolution of the medical device (i.e. matching by
time and/or labelling). Furthermore, the previous problem
data and previous action data may be pre-processed to
reduce redundancy in the data (i.e. similar problems
and/or sequences of actions that have been conducted
many times previously.

[0085] Specifically, processing the previous problem
data and previous action data may include analysing the
previous problem data and previous action data to gen-
erate raw solution data. Then, similar solutions are iden-
tified within the raw solution data based on the previous
problem data and the previous action data. Accordingly,
the plurality of solution data is generated based on the
raw solution data and the identified similar solutions.
[0086] Next, at step 120, a component graph describ-
ing interactions between a plurality of components of the
medical device is obtained. In other words, the compo-
nent graph presents components of the medical device
as nodes, and interactions (and communications) be-
tween the components are represented as edges.
[0087] The component graph may simply be obtained
from a database, or may be generated. One method of
generation is demonstrated in (optional) sub-step 122.
[0088] Specifically, interaction data of each compo-
nent of the medical device is processed to generate the
component graph. The interaction data describes an in-
teractions/communications of said component with other
components of the medical device. Thus, each interac-
tion/communication can be used to link one component
with another, thus forming a graph of nodes (compo-
nents) connected by edges (interactions/communica-
tions)

[0089] The interaction data may be obtained from de-
sign documents, design drawings, production drawings
and service manuals associated with components of the
medical device.

[0090] At step 130, the solution data and the compo-
nent graph are processed to generate a plurality of his-
toric solution-component graphs. Put another way, each
piece of solution data (relating to one problem) is inter-
preted in the light of the component graph in order to
produce a solution-component graph indicating potential
actions performed on components to resolve a problem.
[0091] One method of doing this is shown in sub-step
134. In step 134, a historic solution-component graph is
be generated (with the step repeated for each problem
encompassed by the solution data). Specifically, one of
the sequences of previous actions described by the so-
lution data is mapped onto the interactions between the
components of the medical device described by the com-
ponent graph. From this mapping, a historic solution-
component graph may be generated.
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[0092] On way to perform the mapping is to identify
components identified within the sequences of previous
actions described in the solution data by a natural lan-
guage processing (NLP) algorithm. When a compo-
nent/interaction is mentioned within the sequences of
previous actions, the corresponding component/interac-
tion may be found within the component graph. In this
way, the solution data can be mapped onto the compo-
nent graph to produce a solution-component graph.
[0093] Atstep 140, the previous problems and historic-
solution-component graphs are provided to a neural net-
work (NN)-based machine learning algorithm. The ma-
chine learning algorithm is trained adapted to output,
based on inputting a (new) problem with a medical de-
vice, the solution-component graph corresponding to the
problem.

[0094] The structure of an artificial NN (or, simply, neu-
ral network (NN)) is inspired by the human brain. Neural
networks are comprised of layers, each layer comprising
a plurality of neurons. Each neuron comprises a mathe-
matical operation. In particular, each neuron may com-
prise a different weighted combination of a single type of
transformation (e.g. the same type of transformation, sig-
moid etc. but with different weightings). In the process of
processing input data, the mathematical operation of
each neuron is performed on the input data to produce
a numerical output, and the outputs of each layer in the
neural network are fed into the next layer sequentially.
The final layer provides the output.

[0095] There are several types of neural network, such
as convolutional neural networks (CNNs), recurrent neu-
ral networks (RNNs), generative adversarial networks
(GANSs). In the present invention, the machine learning
model is preferably a GAN. Given a training set, a GAN
learns to generate new data with the same statistics as
the training set.

[0096] Methods of training a machine-learning algo-
rithm are well known. Typically, such methods comprise
obtaining a training dataset, comprising training input da-
ta entries and corresponding training output data entries.
An initialized machine-learning algorithm is applied to
each input data entry to generate predicted output data
entries. An error between the predicted output data en-
tries and corresponding training output data entries is
used to modify the machine-learning algorithm. This
process can be repeated until the error converges, and
the predicted output data entries are sufficiently similar
(e.g. =1%) to the training output data entries. This is
commonly known as a supervised learning technique.
[0097] For example, weightings of the mathematical
operation of each neuron may be modified until the error
converges. Known methods of modifying a neural net-
work include gradient descent, backpropagation algo-
rithms and so on.

[0098] A core idea of a GAN is training through a dis-
criminator, being a different neural network that assess
the output of the GAN. The discriminator itself is dynam-
ically updated, such that the GAN is not trained to mini-
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mize the distance to a specific known output. Instead,
the GAN is trained to present a satisfactory output to the
discriminator. This enables the GAN to learn in an unsu-
pervised manner.

[0099] The training input data entries for the machine
learning algorithm used in method 100 correspond to ob-
tained previous problems. The training output data en-
tries correspond to generated solution-component
graphs. That is, the machine learning algorithm is trained
using a training algorithm configured to receive an array
of training inputs and respective known outputs, wherein
atraining input comprises previous problems and respec-
tive known output comprises solution-component
graphs. In this way, the machine learning algorithm is
trained to output a solution-component graph for an input
of a (new) problem.

[0100] The method 100 may then proceed toretraining
steps in order to adapt the machine learning model for a
specific user. Indeed, this is shown in Fig. 4, which has
a flow diagram of a method 160 for re-training a machine
learning model according to an aspect of another em-
bodiment of the invention. The user may be, for example,
a healthcare facility, a department of a healthcare facility,
or a group of healthcare facilities.

[0101] At step 162, user-specific previous problems
are obtained. The user-specific previous problems de-
scribe historic issues with the medical device associated
with the user. These are similar to the previous problems
obtained in the step 110 of method 100, but are related
to the user (i.e. relate to problems experienced by med-
ical devices that the user owns/manages.

[0102] Atstep 164, user-specific historic solution-com-
ponent graphs are obtained. The user-specific historic
solution-component graphs are associated with the user-
specific previous problems. These historic solution-com-
ponent graphs may be similar to those generated in step
130 of method 100. However, they relate to the user-
specific problems. These may be obtained from a data-
base, or generated like in the method described in rela-
tion to steps 110-130 of method 100.

[0103] At step 166, the machine learning model is re-
trained using a training algorithm configured to receive
an array of training inputs and respective known outputs.
In this case, a training input comprises one of the user-
specific previous problems. A respective known output
comprises the user-specific historic solution-component
graph associated with the user-specific previous prob-
lem.

[0104] The training algorithm may be the same as that
described in relation to step 140, with different training
inputs and known outputs. Conversely, a different train-
ing algorithm may be used that is better suited for
(re)training of the machine learning model.

[0105] Fig. 5 is a flow diagram of a method 200 for
generating a solution-component graph according to a
further embodiment of the invention. The solution-com-
ponent graph represents possible actions to be per-
formed on components of the medical device to solve a
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problem (i.e. a problem presented by a user).

[0106] At step 100, a machine learning model is gen-
erated. This step may be the same as any method de-
scribed in relation to Fig. 1. Alternatively, the machine
learning model may be a pre-generated machinelearning
model, and obtained from an appropriate memory. In any
case, the machine learning model is adapted to output,
based on inputting a (new) problem with a medical de-
vice, the solution-component graph corresponding to the
problem.

[0107] Atstep 310, a problem describing an issue with
the medical device is obtained. The problem may be in
the form of a problem statement understandable by the
machine learning model. Alternatively, this step may
comprise modifying the problem to be recognizable/proc-
essable by the machine learning model. In specific em-
bodiments, the problem is provided by (i.e. obtained
from) a user (i.e. a person discovering the issue).
[0108] At step 320, the solution-component graph is
acquired based on inputting problem to the generated
machine learning model. As the machine learning model
is trained based on previous problems and known solu-
tion-component graphs, it is adapted to produce a solu-
tion-component graph based on the problem input to it.
[0109] Thus, from this method, a solution-component
graph may be obtained based on any problem related to
the medical device. This is particularly useful for under-
standing how to reach a solution to a problem that has
not been previously encountered by a user. Accordingly,
an appropriate technician may be contacted for fixing of
the medical device.

[0110] Fig. 6 is a flow diagram of a method 300 for
determining the solvability of a problem with a medical
device by a one or more individuals. In other words, the
method provides a means for determining an extent to
which a party (i.e. one or more individuals) can solve (i.e.
diagnose, resolve and/or fix) a problem by utilizing as-
pects of the methods described in relation to Fig. 3-6. In
particular, this may apply for determining whether in-
house biomedical engineering team can solve a problem,
or whether they need assistance from an OEMs service
team.

[0111] Atstep 300, a solution-componentgraph is gen-
erated. The solution-component graph represents pos-
sible actions to be performed on components of the med-
ical device to solve the problem. This is generated ac-
cording to the method 300 described in reference to Fig.
5.

[0112] At step 410, competency data is obtained. The
competency data describes an ability of the one or more
individuals to perform a plurality of actions on the com-
ponents of the medical device. In other words, the com-
petency data describes the skills of the one or more in-
dividuals for solving problems by enacting steps. For ex-
ample, one set of individuals may be able to run diag-
nostic software and replace minor parts, whole another
set of individuals may be able to perform large-scale ren-
ovations of the medical device. Of course, the compe-
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tency data may relate to individuals, or the abilities of a
whole group.

[0113] The competency data may be derived from a
history of previous problems solved and actions taken.
Further, the competency data may be based on informa-
tion input by the individuals themselves or on their behalf.
[0114] At step 420, the historic solution-component
graphs, the solution-component graph and the compe-
tency data are processed to generate a solvability value.
The solvability value is indicative of a likelihood that the
one or more individuals can solve the problem with the
medical device.

[0115] The solvability value may be provided, for ex-
ample, in the form of a percentage chance that the whole
problem can be solved by the one or more individuals,
as a percentage of the number of possible actions that
the one or more individuals can perform compared to the
total number of actions. Furthermore, specific actions
that the one or more individuals can be perform may be
provided.

[0116] The solvability value is based on the historic
solution-component graphs, the solution-component
graph and the competency data. Essentially, actions per-
formed in the past are compared to actions that are ex-
pected to be performed to solve the present problem.
This can be contextualized with the competency data in
order to ascertain the extent to which the one or more
individuals can solve the problem, and thus provide a
solvability value.

[0117] Fig. 7 presents a simplified block diagram of a
system for training a machine learning model adapted to
output a solution-component graph of a medical device.
The system comprises a data interface 410, a processor
420, and a modelling unit 430.

[0118] The data interface 410 is configured to obtain
solution data describing sequences of previous actions
performed to solve a plurality of previous problems with
the medical device. The data interface 410 is further con-
figured to obtain a component graph describing interac-
tions between a plurality of components of the medical
device.

[0119] The data interface 410 may be any means ca-
pable of obtaining information (including the solution data
and component graph). The data interface 410 may ac-
tively gather the information, or may simply receive the
information that is input to it. The data interface 410 may
further be configured to process data in order to generate
the solution data and component graph, as described in
reference to steps 110 and 120 of method 100.

[0120] Further,the processor420is configured to proc-
ess the solution data and the component graph to gen-
erate a plurality of historic solution-component graphs.
[0121] Finally, the processor 420 provides the historic
solution-component graphs, and the data interface 410
provides previous problem data to the training module.
The training module is configured to train the machine
learning model using a training algorithm configured to
receive an array of training inputs and respective known
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outputs. The training input comprises one of the previous
problems, and the respective known output comprises
the historic solution-component graph associated with
the previous problem.

[0122] Thus,the system400 of Fig. 4 provides a means
for training a machine learning model that can produce
solution-component graphs for a (potential previously un-
seen) problem.

[0123] Fig. 8illustrates an example of acomputer 1000
within which one or more parts of an embodiment may
be employed. Various operations discussed above may
utilize the capabilities of the computer 1000. For exam-
ple, one or more parts of a system for compressing raw
medical image data for remote medical image recon-
struction of an anatomy of a subject may be incorporated
in any element, module, application, and/or component
discussed herein. In this regard, it is to be understood
that system functional blocks can run on a single com-
puter or may be distributed over several computers and
locations (e.g. connected via internet).

[0124] The computer 1000 includes, but is not limited
to, PCs, workstations, laptops, PDAs, palm devices,
servers, storages, and the like. Generally, in terms of
hardware architecture, the computer 1000 may include
one or more processors 1010, memory 1020 and one or
more /O devices 1030 that are communicatively coupled
via a local interface (not shown). The local interface can
be, for example but not limited to, one or more buses or
other wired or wireless connections, as is known in the
art. The local interface may have additional elements,
such as controllers, buffers (caches), drivers, repeaters,
and receivers, to enable communications. Further, the
local interface may include address, control, and/or data
connections to enable appropriate communications
among the aforementioned components.

[0125] The processor 1010 is a hardware device for
executing software that can be stored in the memory
1020. The processor 1010 can be virtually any custom
made or commercially available processor, a central
processing unit (CPU), a digital signal processor (DSP),
or an auxiliary processor among several processors as-
sociated with the computer 1000, and the processor 1010
may be a semiconductor-based microprocessor (in the
form of a microchip) or a microprocessor.

[0126] The memory 1020 can include any one or com-
bination of volatile memory elements (e.g., random ac-
cess memory (RAM), such as dynamic random access
memory (DRAM), static random access memory
(SRAM), etc.) and non-volatile memory elements (e.g.,
ROM, erasable programmable read only memory
(EPROM), electronically erasable programmable read
only memory (EEPROM), programmable read only mem-
ory (PROM), tape, compact disc read only memory (CD-
ROM), disk, diskette, cartridge, cassette or the like, etc.).
Moreover, the memory 1020 may incorporate electronic,
magnetic, optical, and/or other types of storage media.
Note that the memory 1020 can have a distributed archi-
tecture, where various components are situated remote
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from one another, but can be accessed by the processor
1010.

[0127] The software in the memory 1020 may include
one or more separate programs, each of which compris-
es an ordered listing of executable instructions for imple-
menting logical functions. The software in the memory
1020 includes a suitable operating system (O/S) 1050,
compiler 1060, source code 1070, and one or more ap-
plications 1080 in accordance with exemplary embodi-
ments. As illustrated, the application 1080 comprises nu-
merous functional components for implementing the fea-
tures and operations of the exemplary embodiments. The
application 1080 of the computer 1000 may represent
various applications, computational units, logic, function-
al units, processes, operations, virtual entities, and/or
modules in accordance with exemplary embodiments,
but the application 1080 is not meant to be a limitation.
[0128] The operating system 1050 controls the execu-
tion of other computer programs, and provides schedul-
ing, input-output control, file and data management,
memory management, and communication control and
related services. It is contemplated by the inventors that
the application 1080 forimplementing exemplary embod-
iments may be applicable on all commercially available
operating systems.

[0129] Application 1080 may be a source program, ex-
ecutable program (object code), script, or any other entity
comprising a set of instructions to be performed. When
a source program, then the program is usually translated
via a compiler (such as the compiler 1060), assembler,
interpreter, or the like, which may or may not be included
within the memory 1020, so as to operate properly in
connection with the O/S 1050. Furthermore, the applica-
tion 1080 can be written as an object oriented program-
ming language, which has classes of data and methods,
or a procedure programming language, which has rou-
tines, subroutines, and/or functions, for example but not
limited to, C, C++, C#, Pascal, BASIC, API calls, HTML,
XHTML, XML, ASP scripts, JavaScript, FORTRAN,
COBOL, Perl, Java, ADA, .NET, and the like.

[0130] The l/O devices 1030 may include inputdevices
such as, for example but not limited to, a mouse, key-
board, scanner, microphone, camera, etc. Furthermore,
the I/O devices 1030 may also include output devices,
for example but not limited to a printer, display, etc. Fi-
nally, the 1/0O devices 1030 may further include devices
that communicate both inputs and outputs, for instance
but not limited to, a NIC or modulator/demodulator (for
accessing remote devices, other files, devices, systems,
ora network), aradio frequency (RF) or other transceiver,
a telephonic interface, a bridge, a router, etc. The 1/O
devices 1030 also include components for communicat-
ing over various networks, such as the Internet or intran-
et.

[0131] If the computer 1000 is a PC, workstation, in-
telligent device or the like, the software in the memory
1020 may further include a basic input output system
(BIOS) (omitted for simplicity). The BIOS is a set of es-
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sential software routines that initialize and test hardware
at start-up, start the O/S 1050, and support the transfer
of data among the hardware devices. The BIOS is stored
in some type of read- only-memory, such as ROM,
PROM, EPROM, EEPROM or the like, so that the BIOS
can be executed when the computer 800 is activated.
[0132] When the computer 1000 is in operation, the
processor 1010 is configured to execute software stored
within the memory 1020, to communicate data to and
from the memory 1020, and to generally control opera-
tions of the computer 1000 pursuant to the software. The
application 1080 and the O/S 1050 are read, in whole or
in part, by the processor 1010, perhaps buffered within
the processor 1010, and then executed.

[0133] When the application 1080 is implemented in
software it should be noted that the application 1080 can
be stored on virtually any computer readable medium for
use by orin connection with any computer related system
or method. In the context of this document, a computer
readable medium may be an electronic, magnetic, opti-
cal, or other physical device or means that can contain
or store a computer program for use by or in connection
with a computer related system or method.

[0134] The application 1080 can be embodied in any
computer-readable medium for use by or in connection
with an instruction execution system, apparatus, or de-
vice, such as a computer-based system, processor-con-
taining system, or other system that can fetch the instruc-
tions from the instruction execution system, apparatus,
or device and execute the instructions. In the context of
this document, a "computer-readable medium" can be
any means that can store, communicate, propagate, or
transport the program for use by or in connection with
the instruction execution system, apparatus, or device.
The computer readable medium can be, for example but
not limited to, an electronic, magnetic, optical, electro-
magnetic, infrared, or semiconductor system, apparatus,
device, or propagation medium.

[0135] The methods described in relation to Figs. 3, 4,
5 and 6, and the system described in relation to Fig. 7,
may be implemented in hardware or software, or a mix-
ture of both (for example, as firmware running on a hard-
ware device). To the extent that an embodiment is im-
plemented partly or wholly in software, the functional
steps illustrated in the process flowcharts may be per-
formed by suitably programmed physical computing de-
vices, such as one or more central processing units
(CPUs) or graphics processing units (GPUs). Each proc-
ess - and its individual component steps as illustrated in
the flowcharts - may be performed by the same or differ-
ent computing devices. According to embodiments, a
computer-readable storage medium stores a computer
program comprising computer program code configured
to cause one or more physical computing devices to carry
out an encoding or decoding method as described above
when the program is run on the one or more physical
computing devices.

[0136] Storage media may include volatile and non-
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volatile computer memory such as RAM, PROM,
EPROM, and EEPROM, optical discs (like CD, DVD,
BD), magnetic storage media (like hard discs and tapes).
Various storage media may be fixed within a computing
device or may be transportable, such that the one or more
programs stored thereon can be loaded into a processor.
[0137] Tothe extentthatan embodimentisimplement-
ed partly or wholly in hardware, the blocks shown in the
block diagram of Fig. 7 may be separate physical com-
ponents, or logical subdivisions of single physical com-
ponents, or may be allimplemented in an integrated man-
ner in one physical component. The functions of one
block shown in the drawings may be divided between
multiple components in an implementation, or the func-
tions of multiple blocks shown in the drawings may be
combined in single components in an implementation.
Hardware components suitable for use in embodiments
of the present invention include, but are not limited to,
conventional microprocessors, application specific inte-
grated circuits (ASICs), and field-programmable gate ar-
rays (FPGAs). One or more blocks may be implemented
as a combination of dedicated hardware to perform some
functions and one or more programmed microprocessors
and associated circuitry to perform other functions.
[0138] Variations to the disclosed embodiments can
be understood and effected by those skilled in the art in
practicing the claimed invention, from a study of the draw-
ings, the disclosure and the appended claims. In the
claims, the word "comprising" does not exclude other el-
ements or steps, and the indefinite article "a" or "an" does
not exclude a plurality. A single processor or other unit
may fulfil the functions of several items recited in the
claims. The mere fact that certain measures are recited
in mutually different dependent claims does not indicate
that a combination of these measures cannot be used to
advantage. If a computer program is discussed above,
it may be stored/distributed on a suitable medium, such
as an optical storage medium or a solid-state medium
supplied together with or as part of other hardware, but
may also be distributed in other forms, such as via the
Internet or other wired or wireless telecommunication
systems. If the term "adapted to" is used in the claims or
description, it is noted the term "adapted to" is intended
to be equivalent to the term "configured to". Any reference
signs in the claims should not be construed as limiting
the scope.

[0139] Theflowchartandblock diagrams inthe Figures
illustrate the architecture, functionality, and operation of
possible implementations of systems, methods, and
computer program products according to various embod-
iments of the presentinvention. In this regard, each block
in the flowchart or block diagrams may represent a mod-
ule, segment, or portion of instructions, which comprises
one or more executable instructions forimplementing the
specified logical function(s). In some alternative imple-
mentations, the functions noted in the block may occur
out of the order noted in the figures. For example, two
blocks shown in succession may, in fact, be executed
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substantially concurrently, or the blocks may sometimes
be executed in the reverse order, depending upon the
functionality involved. It will also be noted that each block
of the block diagrams and/or flowchart illustration, and
combinations of blocks in the block diagrams and/or flow-
chartillustration, can be implemented by special purpose
hardware-based systems that perform the specified func-
tions or acts or carry out combinations of special purpose
hardware and computer instructions.

Claims

1. A method for training a machine learning model
adapted to output, based on inputting a problem with
a medical device, a solution-component graph rep-
resenting possible actions to be performed on com-
ponents of the medical device to solve the problem,
the method comprising:

obtaining (110) solution data describing se-
quences of previous actions performed to solve
a plurality of previous problems with the medical
device;

obtaining (120) a component graph describing
interactions between a plurality of components
of the medical device;

processing (130) the solution data and the com-
ponent graph to generate a plurality of historic
solution-component graphs; and

training (140) the machine learning model using
a training algorithm configured to receive an ar-
ray of training inputs and respective known out-
puts, wherein a training input comprises one of
the previous problems, and wherein a respec-
tive known output comprises the historic solu-
tion-component graph associated with the pre-
vious problem.

2. The method of claim 1, wherein obtaining (110) the
solution data comprises:

obtaining (112) previous problem data describ-
ing historic issues with the medical device;
obtaining (114) previous action data describing
actions performed to solve historic issues with
the medical device; and

processing (116) the previous problem data and
previous action data to generate the plurality of
solution data.

3. The method of claim 2, wherein processing (116) the
previous problems and sequences of previous ac-
tions comprises:

analysing the previous problem data and previ-
ous action data to generate raw solution data;
identifying similar solutions within the raw solu-
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tion data based on the previous problem data
and the previous action data; and

generating the plurality of solution data based
onthe raw solution data and the identified similar
solutions.

The method of claim 2 or 3, wherein previous prob-
lem data is obtained from problem statements and
device logs associated with the medical device, and
previous action data is obtained from service histo-
ries associated with the medical device.

The method of any of claims 1-4, wherein obtaining
(120) the component graph comprises processing
(122) interaction data of each component of the med-
ical device describing an interaction of said compo-
nent with other components of the medical device,
to generate the component graph.

The method of claim 5, wherein the interaction data
is obtained from design documents, design draw-
ings, production drawings and service manuals as-
sociated with components of the medical device.

The method of any of claims 1-6, wherein generating
(130) each historic solution-component graph com-
prises:

mapping (132) one of the sequences of previous
actions described by the solution data onto the
interactions between the components of the
medical device described by the component
graph; and

generating the historic solution-component
graph based on the mapping.

The method of claim 7, wherein the mappingis based
on processing the sequences of previous actions
and the components of the medical device using a
natural language processing algorithm.

The method of any of claims 1-8, wherein the ma-
chine learning model is a generative adversarial net-
work model.

The method of any of claims 1-9, further comprising
retraining (160) the machine learning model for a
user by:

obtaining (162) user-specific previous problems
describing historic issues with the medical de-
vice associated with the user;

obtaining (164) user-specific historic solution-
component graphs associated with the user-
specific previous problems; and

retraining (166) the machine learning model us-
ing a training algorithm configured to receive an
array of training inputs and respective known
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outputs, wherein a training input comprises one
of the user-specific previous problems, and
wherein a respective known output comprises
the user-specific historic solution-component
graph associated with the user-specific previous
problem.

A method for generating a solution-component
graph representing possible actions to be performed
on components of the medical device to solve the
problem, the method comprising:

generating (100) a machine learning model ac-
cording to any of claims 1-10;

obtaining (210) a problem describing an issue
with the medical device;

acquiring (220) the solution-component graph
based oninputting problem to the generated ma-
chine learning model.

A method for generating a solution-component
graph using a machine learning model trained to out-
put, based on inputting a problem with a medical
device, the solution-component graph representing
possible actions to be performed on components of
the medical device to solve the problem, the method
comprising:

obtaining a problem describing an issue with the
medical device;
acquiring the solution-component graph based
on inputting problem to the generated machine
learning model.

A method for determining the solvability of a problem
with a medical device by a one or more individuals,
the method comprising:

generating (200) a solution-component graph
representing possible actions to be performed
on components of the medical device to solve
the problem according to claim 11 or 12;
obtaining (310) competency data describing an
ability of the one or more individuals to perform
a plurality of actions on the components of the
medical device;

processing (320) the historic solution-compo-
nent graphs, the solution-component graph and
the competency data to generate a solvability
value indicative of a likelihood that the one or
more individuals can solve the problem with the
medical device.

A computer program comprising computer program
code means adapted, when said computer program
is run on a computer, to implement the method of
any of claims 1-13.
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15. A system for training a machine learning model
adapted to output, based oninputting a problem with
a medical device, a solution-component graph rep-
resenting possible actions to be performed on com-
ponents of the medical device to solve the problem,
the system comprising:

a data interface (410) configured to:

obtain solution data describing sequences
of previous actions performed to solve a plu-
rality of previous problems with the medical
device;

obtain a component graph describing inter-
actions between a plurality of components
of the medical device;

a processor (420) configured to process the so-
lution data and the component graph to generate
a plurality of historic solution-component
graphs; and

a training module (430) configured to train the
machine learning model using a training algo-
rithm configured to receive an array of training
inputs and respective known outputs, wherein a
training input comprises one of the previous
problems, and wherein a respective known out-
put comprises the historic solution-component
graph associated with the previous problem.
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